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Abstract 
This study looks at the historical reliability of the agent-based model of the global energy system. 
We present a mathematical framework for the agent-based model calibration and sensitivity analysis 
based on historical observations. Simulation consistency with the historical record is measured as a 
distance between two vectors of data points and inference on parameter values is done from the 
probability distribution of this stochastic estimate. Proposed methodology is applied to the model of 
the global energy system. Some model properties and limitations followed from calibration results are 
discussed. 
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1. Introduction 
Traditional energy system planning and 
climate policy analysis models have their relative 
strength in the analysis of normative policy goals 
under conditions of foresight based on a rational 
actor (social planner) decision paradigm and 
under limited uncertainties. Major transitions, in 
terms of energy systems structure or climate 
change implications, are driven either by 
exogenous discontinuities (e.g. assumed 
technological breakthroughs), or by global, 
perfect implementation of modeled policies, 
typically regulating prices or quantities (or both). 
In real life however, actor decisions that drive 
transitions are heterogeneous, interdependent, 
myopic and are better characterized by “bounded 
rationality”. There is also no global coordination 
and perfect cooperation among actors, making 
universal implementation of policy measures 
impossible to achieve. This is among the reasons 
why to date energy systems and climate policy 
models are used exclusively in a forecasting 
mode, projecting out into the future, and have to 
date not been able to replicate major past 
transitions (Grubler 2012). This also severely 
limits any endogenous validation of future 
scenarios against the historical record. 
An alternative (and complementary) 
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modeling approach was developed in Ma et al. 
(2008) and Ma and Grubler (2008) based on the 
stochastic agent-based simulation framework. 
Agent-based modeling is viewed as a powerful 
tool for analysis of complex systems driven by 
heterogeneous interacting actors and yields new 
insights by generating multiple system 
development paths for different model instances 
(Bonabeau 2002). It has been applied in various 
research fields such as stock market (Palmer et 
al. 1994), dissemination of culture (Axelrod 
1997), electricity trading (Bunn and Oliveira 
2001), drivers’ route choice (Dia 2002) and 
pedestrian walking behavior (Antonini et al. 
2006), co-evolution of individual behaviors and 
social institutions (Bowles et al. 2003), 
formation of virtual organizations (Norman et al. 
2004), co-evolution of parochial altruism and 
war (Choi and Bowles 2007), evacuation from 
buildings under fire (Shi et al. 2009), diffusion 
of epidemic diseases (Beyrer et al. 2012) and 
technologies (Delre 2007), military trainings 
(Cioppa et al. 2004), industry transformation 
(Isley et al. 2013), etc. 
A comprehensive survey of validation 
techniques associated with simulation models 
can be found in Balci (1994) and Sargent (2013), 
which describe various formal and informal 
methods used during model development. 
Studies devoted to measuring simulations 
consistency with the empirical evidence are 
diverse and base on different, often alternative 
key principles. Social science approaches to 
empirical validation include indirect calibration, 
Werker-Brenner calibration and history-friendly 
validation. Detailed description and critical 
review of these methods are given in Fagiolo et 
al. (2007). Alternative approaches involve 
statistical methods (Kleijnen 1995) and 
companion modeling (Barreteau 2003, Moss 
2008). Use of statistical techniques is common 
in studies of complex systems, but restricted by 
data availability and the nature of the studied 
phenomenon. Agent-based modeling often 
serves to describe a system that undergoes 
several structural changes. This requirement 
demands adaptation of classical statistical tests, 
and sometimes makes them impossible to use. 
Companion modeling is based on expert 
judgement and engages stakeholders in the 
modeling and validation process (Moss 2008), 
and thus, it can be criticized as being subjective, 
hard to replicate and limited in the studies of 
emergent phenomena. 
Our approach to assessing historical 
reliability of the agent-based model is in line 
with the indirect calibration method. Proposed 
calibration criterion and the choice of methods 
used in sensitivity analysis of calibration results 
facilitate interpretation of the obtained 
"plausible" subset in the parameter domains and 
thus, serve as an attempt to resolve the second 
problem of indirect calibration, which was 
mentioned in Fagiolo et al. (2007). 
The agent-based model is a tool for forward 
modeling, i.e. it serves to make prediction on the 
possible trajectories of system development. 
Calibration of the agent-based model 
fundamentally represents the problem of inverse 
modeling. The classical approaches to inverse 
problem involve regularization techniques 
(Tikhonov and Arsenin 1977) and provide the 
“best estimate” solution. However, validation of 
the agent-based model against the historical 
record requires not just point estimates of the 
best-fit parameters but also complete statistical 
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information about consistency between model 
simulations and historical observations. The 
Bayesian framework (Tarantola 2005, Kaipio 
and Somersalo 2005) does this by conjunction of 
information from the theoretical forward model 
and prior information on the observations and 
model parameters. The solution of inverse 
problem is a posterior distribution in the space 
of model parameters. This approach becomes 
computationally expensive in the case of the 
high dimensional historical data, which is 
essentially present in the model of the global 
energy system, where the historical record is 
given by the time series over more than 200 
years. In this study we propose to combine 
information from the agent-based model and 
historical observations to reduce the 
dimensionality of the problem. After that, 
inverse modeling on the obtained quantity can 
be performed. 
The rest of the paper is organized as follows. 
In Section 2 we introduce the agent-based model 
of the global energy system, model simulations 
and historical data. Section 3 outlines a 
mathematical framework, which addresses 
calibration of the agent-based model and 
sensitivity analysis application on the output 
results of the calibration procedure. Section 4 
presents examples of calibration in the case of 
the agent-based model of the global energy 
system. We discuss results and model limitations 
in section 5. Some remarks are given in the final 
section. 
2. Agent-based model 
2.1 Description 
A novel feature of the agent based model of 
the global energy system is that it treats 
technologies as "agents", which are defined at the 
level of a facility/plant or a device that transforms 
resources or energy flows following both the 
tradition of activity or process analysis (Ayres 
and Kneese 1969) as well as that of "bottom-up" 
energy models (e.g. Messner and Strubegger 
1994, Riahi et al. 2007, Riahi et al. 2012). 
Technologies have characteristics defined by 
their resource/energy inputs, outputs, resulting 
efficiency with associated emissions and costs. 
For simplicity we do not differentiate between 
capital and operating costs of technologies and 
use levellized costs. It is the characteristics of 
technologies that govern their long-term survival 
under the selection environment of our 
technology system (and not their mere existence). 
The model starts in 1800 with several basic 
primary energy technologies (e.g. biomass 
burning for providing heat). New energy 
technologies come into being little by little. 
Existing energy technologies and their 
combinations form energy chains which connect 
primary resources or energy sources/forms to the 
energy service demands of consumers. Energy 
chains are either new combinations of primary 
energy technologies or re-combinations of 
previously existing chains. Alternative 
technological combinations or chains can provide 
the same energy services, and hence they 
compete as in the real world (Halsnaes et al. 2007, 
Grubler 2012). The model assumes that the 
cheaper technological chains to the given service 
demand will prevail over time. 
The emergence of new technologies as well 
as their (re-)combination into new energy chains 
is essentially conceptualized via a random walk 
model (reflecting the unpredictability, often 
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serendipity, of technological innovation) subject 
however to resource constraints and economic 
incentives. New technologies cannot survive 
indefinitely once formed. If a technology or a 
combination is not used to providing energy 
service over a certain time period, it will be 
removed from the system. The model uses 
parameter called "retention time" for newly 
emergent technologies that cannot be integrated 
immediately into new technological 
combinations but nonetheless "stay around" for a 
while awaiting potential integration into the 
technology system. 
Initially energy service demands are assumed 
to be given. A constant annual growth rate is 
associated with each kind of energy service 
demand. While the energy system unfolds, each 
demand will be adjusted with a given price 
elasticity depending on the price/cost of energy 
service. New technological combinations can 
also create new demands. Modern service 
demand (e.g. electricity for running computers) is 
not available at the early stage of the energy 
system development, and is triggered with the 
emergence of power generation technologies and 
modern devices such as telephones and 
computers. 
There is a technological learning effect for an 
emergent new technology in the model. The 
learning rate follows a lognormal distribution. 
The more technology is tried, the higher the 
probability that its cost will decrease. 
Consequently new technologies with highly 
uncertain characteristics and small market 
volume will be adopted only very cautiously, 
yielding the classical slow take-off pattern of 
technological diffusion (Grubler 1991). 
The first version of the agent-based model 
with 62 energy technologies was reported in Ma 
et al. (2008). Here we use a version of the model 
with 133 energy technologies to include more 
end-use technologies. Mathematical details of the 
agent-based model can be found in Ma et al. 
(2008), Ma and Grubler (2008) and in the 
appendix. 
2.2 Model simulations and historical 
observations 
We do not provide a detailed description of 
the historical trajectory of the global energy 
system in terms of the emergence of hundreds 
combinations of individual energy technologies, 
which are to a high degree substitutable and may 
be overredundant from a structural perspective of 
system development. Aiming to register the 
occurrence of major historical transition events, 
we define the historical record in terms of the 
dynamics of highly aggregate characteristics of 
the energy system. For this purpose we use data 
from De Stercke (2014). In particular, we 
describe development of the energy system by 
the values of 6 response indicators: 
 heat demand 
 mobility demand 
 modern service demand (specific services 
provided by modern devices such as 
computers, consuming electricity or 
hydrogen in addition to other energy 
services) 
 non-fuel demand (industry feedstock, i.e. 
energy used for non-energy purposes) 
 total energy demand (the aggregate value of 
four energy service demands) 
 primary carbon (carbon emissions in 
primary energy). 
The latter response indicator is a structural 
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variable in the model, which illustrates 
environmental climate change, while other 
indicators are primary variables related to energy 
demand. 
Model simulations are generated for the past 
development of the energy system starting from 
1800 and ending at 2010 with the step equal to 
one year. We are interested in differentiation 
between model instances, which vary in the 
values of the limited number of parameters. 
Other variable characteristics of the agent-based 
model remain constant during simulations and 
define a context, in which calibration procedure 
is performed. In this study we reduce the 
efficiency of boiler technologies as described in 
Table 1 and set the growth rates of energy service 
demands to the values shown in Table 2. The 
values of these characteristics in the agent-based 
model were minor revised to be consistent with 
the initial state of the historical trajectory of 
primary carbon. 
Table 1 Efficiency of boiler technologies 
Technology Efficiency 
Boiler coal 0.27 
Boiler oil 0.28 
Boiler gas 0.28 
Boiler biomass 0.26 
Boiler h2 0.30 
Boiler methanol 0.22 
Boiler ethanol 0.22 
Besides, we postpone the entrance of 
technologies, which form energy chains to 
non-fuel demand. These technologies become 
available from the year 1875. 
Calibration procedure focuses on 4 input 
parameters in the agent-based model. Namely, 
 initial cost of technologies (initial 
investment to be made to adopt a new 
technology, used as a proportional 
coefficient for INV values in the Tables A.2 
and A.3), values from 1 to 10 (dollars) 
 learning rate (rate at which technological 
costs reduce with experience accumulation 
from its usage), values from 0.05 to 0.45 
(dimensionless) 
 innovation rate (rate at which new 
technologies appear and become available 
to form energy chains), values from 0.015 to 
0.135 (dimensionless) 
 retention time of technologies (represents 
innovation impatience, time for which a 
new technology stays available to form 
energy chains), values from 20 to 60 
(years). 
These parameters are significant factors 
which influence the evolution process and 
complexification of the simulated global energy 
system (Ma and Grubler 2008). 
As a useful summary, Figure 1 shows the 
range of system development paths generated 
from the agent-based model. Simulations were 
run for 10000 combinations of parameters, whose 
values vary in the domains described above. In 
total, Figure 1 displays 1 million model 
trajectories. 
In this paper we concentrate on the cases 
where each parameter takes the extreme and 
average values from its domain. There are 81 
model instances, for which simulations are 
repeated 100 times. This data is taken as an input 
for the calibration procedure described below. 
Thus, the objective of the study is to test the 
ability of the agent-based model to replicate 
historical development in the limited number of 
general scenarios. 
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Table 2 Dynamics of energy service demands 
Energy service demand Initial volume (kwyr) Annual growth rate Price elasticity 
Heat 5.71×107 6.13% 0.2 
Mobility 1.77×105 2.12% 0.5 
Modern service 1.66×104 4.03% 0.3 
Non-fuel 1.38×106 5.49% 0.3 
 
Figure 1 Model simulations and historical data for individual response indicators 
3. Methodological framework 
3.1 Notations 
Let’s consider the agent-based model as a 
black box, which provides a point-by-point 
probabilistic mapping from the input parameters 
of the model to its response indicators. Each 
vector of parameters defines conditions, in which 
the model simulates development trajectories of 
the system. Simulation outcomes are represented 
by 𝑚 time series 𝑠1
𝑖(𝑝), 𝑠2
𝑖 (𝑝), … , 𝑠𝑇
𝑖 (𝑝) over 𝑇 
years, where 𝑝 is a vector of input parameters 
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and 𝑖  is an index of the simulation run. We 
measure the fit of the simulation outcome to the 
historical time series ℎ1, ℎ2, … , ℎ𝑇  by distance 
between two vectors of data points: 
𝑑𝑖(𝑝) = √∑(𝑠𝑡
𝑖(𝑝) − ℎ𝑡)
2
𝑇
𝑡=1
, (1) 
where 𝑝 ∈ 𝑃 and 𝑖 = 1…𝑚. 𝑃 is a finite set of 
possible parameter combinations. Note that for 
now we consider one-dimensional trajectories. 
As the agent-based model has stochastic 
nature, distance 𝑑(𝑝) is a random value. Here 
we make no assumptions on the distribution of 
this random variable, but proceed with the 
empirical cumulative distribution function ?̂?𝑝(𝑑) 
as its non-parametric estimator. Additionally, we 
discretize data and put a uniform grid on the 
distance values. Below it is assumed that grid 
approximation of the empirical distribution 
function can be neglected with respect to the 
proposed solution of the inverse problem. 
3.2 Calibration 
Distance 𝑑(𝑝)  measures misfit between 
prediction from the model 𝑝 and the observed 
trajectory from the historical record. Inference on 
the parameter values is based on the distribution 
of this random variable. We define the process of 
calibration of the agent-based model as ordering 
of model instances with different input parameter 
combinations by the value of the selected 
calibration criterion. In fact, model ordering 
means the ordering of the elements in the set 𝑃 
of the input parameters. 
Our choice of the calibration criterion is 
deduced from geometrical considerations. 
Without any prior conditions on the shape of the 
distance probability distribution we say that the 
model with parameter vector 𝑝 is better in terms 
of its consistency with the historical record than 
the model with parameter vector 𝑝′, if the area 
under the empirical distribution function ?̂?𝑝(𝑑) 
is bigger than the area under ?̂?𝑝′(𝑑) . This 
definition is equivalent to the fact that we seek to 
minimize the expected value of distance 
distribution. Moreover, we can simply associate 
each parameter combination with the normalized 
value 𝑆(𝑝), which we call a relative volume of 
the distance distribution for parameter 𝑝 
𝑆(𝑝) =
1
𝑛
∑ ?̂?𝑝(𝑑
𝑘)
𝑛
𝑘=1
, (2) 
where 𝑑𝑘 denotes the right border of the grid cell 
𝑘 and 𝑛 is the number of grid cells. Hence, the 
relative volume 𝑆(𝑝) measures models’ fit to the 
historical record on average. 
After we calculated the relative volume 𝑆(𝑝), 
parameter combinations can be sorted by this 
value. The result of this procedure is a 
permutation 𝜎(𝑝1, 𝑝2, … , 𝑝|𝑃|)  of the sequence 
(𝑝1 , 𝑝2, … , 𝑝|𝑃|)  of the enumerated parameter 
vectors in 𝑃. For this permutation inequalities 
𝑆(𝑝𝜎−1(1)) ≥ 𝑆(𝑝𝜎−1(2)) ≥ ⋯
≥ 𝑆(𝑝𝜎−1(|𝑃|)) 
(3) 
hold. Here |𝑃|  is a number of parameter 
combinations in 𝑃 and 𝜎−1(𝑖) denotes an index 
in the original sequence for the 𝑖-th parameter 
vector in the permutation. We call this 
permutation an optimal permutation of parameter 
combinations. For the sake of simplicity, we do 
not consider a case when any of the inequalities, 
which define the optimal permutation, holds as 
equality, and therefore, the optimal permutation 
of parameters is unique. 
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Before now we expected that the system 
trajectory is one-dimensional. Generally output 
data of the agent-based model is given in multiple 
response indicators. Thereby the fit of the model 
simulations to the historical record requires 
collective measurement in several dimensions. In 
fact, we should derive a joint probability of 
events that each one-dimensional model 
trajectory is closer to the respective historical 
trajectory than some threshold value. The 
average measurement of these probabilities taken 
over all possible combinations of the grid cells 
determines the value of the calibration criterion. 
Let’s assume that indicator trajectories are 
independent. Then the joint probability 
represents a product of probabilities of such 
events. Moreover, it can be easily shown that a 
joint relative volume 𝑆𝑁(𝑝)  is equal to the 
product of relative volumes associated with each 
individual indicator: 
𝑆𝑁(𝑝) = 𝑆1(𝑝) · 𝑆2(𝑝) · … · 𝑆𝑁(𝑝), (4) 
where 𝑆𝑖(𝑝)  is a relative volume of the 𝑖 -th 
output indicator and 𝑁 is the number of output 
indicators. The value of this calibration criterion 
represents a normalized (𝑁 + 1) -dimensional 
volume under the joint empirical distribution 
function. In case of 𝑁 = 1  the joint relative 
volume matches the value of the relative volume 
connected with the individual response indicator 
and corresponds to the area under the empirical 
distribution function of the distance random 
variable. 
3.3 Sensitivity analysis 
Basically, proposed calibration process is a 
mapping of every parameter combination 𝑝 to 
its relative volume 𝑆(𝑝) and its position in the 
optimal permutation. We can perform sensitivity 
analysis to enhance insight on the relationships 
between input and output in the agent-based 
model. Our objective here is not connected with 
the development of a model with some 
prespecified relationship (e.g. using regression 
analysis), but rather it consists in testing whether 
some dependence is present in the optimal 
permutation. 
Let’s say that we picked a parameter 
combination in the observed optimal permutation 
of parameters. In this case a question of interest is 
to estimate that the change in a value of some 
selected parameter in this combination will 
improve the agent-based model fit to the 
historical trajectory. In fact, we explore whether 
some values locally dominate another ones from 
the same parameter domain. 
Note that calibration results for one parameter 
can be treated as outcomes from the random 
experiment, whose sample space contains all 
possible ordered sequences of parameter values. 
We observe repetitions of this experiment and the 
number of repetitions is determined from the 
number of possible combinations of other 
parameter values in the model. As the result, we 
can estimate the probability distribution of the 
outcomes in this random experiment and 
consequently, probabilities of events that there is 
a preference in the individual parameter values in 
the calibration model (e.g. the probability that the 
maximum value from the domain of selected 
parameter improves models’ fit to the historical 
record for an arbitrary parameter combination). If 
we observe some preference (local dominance) in 
the value of selected parameter, this means that 
with the high probability we cannot refine 
calibration results by changing this parameter 
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from the dominant values and this holds for an 
arbitrary combination of other parameters. 
On the other hand, the optimal permutation 
produces a sequence of the ordered values for 
each individual parameter. Therefore, our 
calibration model can be treated as an 
information source. In its widest sense, 
information source is just an object that emits a 
sequence of symbols from a finite value domain 
according to some statistical rules (Shannon 1948, 
Welsh 1988). Our goal is to explore a structure of 
the source observing a finite stream of data. From 
the practical perspective this is equivalent to the 
question at that extent we can predict values of 
the single parameter independently from other 
parameters in the calibration results and whether 
there are globally dominant values in the 
parameter domain. 
Basically, the source uncertainty is quantified 
by its entropy rate, which gives the average 
entropy per symbol of the source. By its 
definition the information source represents a 
stochastic process. The type of the process gives 
us a context, in which randomness in the 
calibration model can be measured using the 
entropy rate. In particular, we assume that there is 
a statistical dependence of the next symbol in the 
sequence on the values, which were observed in 
the past. For this purpose we use a first order 
Markov approximation built from the data. To 
ensure that the Markov source is irreducible, we 
transform the optimal permutation of parameter 
values into a circular sequence by adding the first 
two values of the sequence to its end as proposed 
in Rukhin (2000). 
The entropy rate of the first order Markov 
source 𝑋 with 𝐾 states equals 
𝐻(𝑋) = ∑𝑤𝑖𝐻𝑖 ,
𝐾
𝑘=1
 (5) 
where 𝐻𝑖  is an entropy of the state 𝑖 and 𝑤𝑖  is a 
stationary probability associated with this state. 
In entropy computations we take the logarithm to 
base 2. Consequently, the entropy rate is 
measured in bits per symbol. The value of the 
entropy rate lays in the range from 0 to log2 𝐿, 
where 𝐿 is the number of values in parameter 
domain. The low value of the entropy rate 
indicates that assumed statistical dependence is 
present in the optimal permutation and therefore, 
we can distinguish a subset of globally dominant 
(or dominated) values in the parameter domain. 
4. Numerical examples 
In this section we present calibration results 
for the agent-based model of the global energy 
system. All subsequent analysis was done on the 
grid with 50 cells, which covers changes in the 
distance values of the individual response 
indicator. 
At first, we carried out proposed calibration 
procedure for each response indicator 
independently. The results are summarized in 
Table 3, which shows the range of solutions in 
terms of relative volume and corresponding 
changes in the expected value of distance. The 
“best estimate” solution indicates a limit of how 
well the agent-based model can replicate the 
historical record on average. On the other hand 
the “worst estimate” identifies the upper bound of 
an average model deviation from the historical 
trajectory. 
Figure 2 demonstrates the dynamics of the 
models’ fit to the historical record, when we 
switch from one parameter combination to 
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another in the optimal permutation. The models’ 
fit is measured relative to the “perfect fit”, which 
corresponds to the case when the agent-based 
model repeats historical observations in every 
simulation run (with the precision defined by the 
lower grid border). It is a point, at which 𝑆(𝑝) 
reaches its maximum. 
Sensitivity analysis results indicate that there 
exists a local dominance in the calibration results. 
Table 4 summarizes all cases of such kind. These 
results illustrate, for instance, that the maximum 
value from the domain of the initial cost of 
technologies parameter is almost surely 
dominated by other values in the heat demand 
dimension, when we pick an arbitrary parameter 
combination. 
A first order Markov source has a modeling 
descriptive power in three cases as shown in 
Table 5. The value of the entropy rate lays in the 
range from 0 to 1.58 bits per symbol. A small 
value of it indicates that the calibration model 
possesses Markov property and can be 
approximated by a first order source. Inference 
on the parameter values is obtained from the 
optimal permutation and from a Markov chain 
associated with the source. Thus, we can 
Table 3 Calibration results for the case of individual response indicators 
Response indicator. 
“Best estimate” solution “Worst estimate” solution 
Relative volume 
𝑆(𝑝) 
Expected value 
𝑑(𝑝) 
Relative volume 
𝑆(𝑝) 
Expected value 
𝑑(𝑝) 
Heat demand 0.92 44.31 (kwyr·10-8) 0.77 99.84 (kwyr·10-8) 
Mobility demand 0.97 5.26 (kwyr·10-8) 0.87 14.74 (kwyr·10-8) 
Modern service 
demand 
0.88 27.91 (kwyr·10-8) 0.74 50.77 (kwyr·10-8) 
Non-fuel demand 0.92 14.98 (kwyr·10-8) 0.84 24.59 (kwyr·10-8) 
Total energy demand 0.91 69.19 (kwyr·10-8) 0.70 167.32 (kwyr·10-8) 
Primary carbon 1 38.18 (tC·10-8) 0.97 1420.49 (tC·10-8) 
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Figure 2 Dynamics of calibration results for the case of individual response indicators 
Table 4 Locally dominant values in parameter domains. Case of individual response indicators 
Response 
indicator 
Initial cost of 
technologies 𝑝(1) 
Learning 
rate 𝑝(2) 
Innovation rate 𝑝(3) 
Retention time of 
technologies 𝑝(4) 
Heat demand 
1, 5 (min. and avr.) 
(Prob.=0.96) 
— 
0.075, 0.135 (avr. and max.) 
(Prob.=0.92) 
40, 60 (avr. and max.) 
(Prob.=1) 
Mobility demand 
5 (avr.) 
(Prob.=1) 
— — — 
Modern service 
demand 
— —  
0.075, 0.135 (avr. and max.) 
(Prob.=1) 
40, 60 (avr. and max.) 
(Prob.=1) 
Non-fuel 
demand 
1, 5 (min. and avr.) 
(Prob.=0.93) 
— 
0.075, 0.135 (avr. and max.) 
(Prob.=1) 
— 
Total energy 
demand 
1, 5 (min. and avr.) 
(Prob.=0.92) 
— 
0.075, 0.135 (avr. and max.) 
(Prob.=0.93) 
40, 60 (avr. and max.) 
(Prob.=0.96) 
Primary carbon — — — 
40, 60 (avr. and max.) 
(Prob.=0.92) 
Table 5 Dominance in the first order Markov approximation for the case of individual response indicators 
differentiate model instances by the global 
dominance relation in an individual parameter in 
these three response indicators with the 
uncertainty measured by the entropy rate. 
Response indicator Parameter Entropy rate 𝐻(𝑋) Dominated value Dominant value 
Mobility demand initial cost of technologies 0.89 — 5 (avr.) 
Modern service demand innovation rate 0.75 0.015 (min.) — 
Non-fuel demand innovation rate 0.93 0.015 (min.) — 
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The output of the agent-based model of the 
global energy system is described at different 
levels of aggregation. Joint measurement of 
models’ fit to the historical record is done at the 
level of response indicators related to the 
structure of energy demand and at the level of 
general response indicators. The structure of 
energy demand is described by four energy 
service demands: heat, mobility, modern service 
and non-fuel demands. The general indicator 
group includes total energy demand (as a primary 
variable associated with energy) and primary 
carbon (as a structural variable associated with 
carbon emissions). We assume independence of 
indicator trajectories in both cases. The results 
are summarized in Table 6 and illustrated in 
Figure 3. 
Table 6 Calibration results for the case of multiple 
response indicators 
Response indicators 
“Best 
estimate” 
solution 
“Worst 
estimate” 
solution 
Joint relative 
volume 
𝑆𝑛(𝑝) 
Joint relative 
volume 
𝑆𝑛(𝑝) 
Energy service 
demands (𝑛=4) 
0.69 0.44 
Total energy demand 
+ primary carbon 
(𝑛=2) 
0.91 0.69 
Table 7 Locally dominant values in parameter domains. Case of multiple response indicators 
 
Figure 3 Dynamics of calibration results for the case 
of multiple response indicators 
Sensitivity analysis reveals the same 
dominance relation in the individual parameter 
values in both cases of joint measurement. 
Results are included in Table 7. 
5. Discussion 
5.1 Variability and models’ fit 
Under model variability we distinguish two 
opposite cases for simulation trajectories in the 
particular model instance (predictions on system 
development paths under the same initial 
conditions). The model instance has low 
variability, when the range and heterogeneity of 
trajectories are limited. On the other hand, 
variability is high, when simulation trajectories 
are expanding and (or) have different functional 
structure. Calibration of the global energy system 
reveals the fact that variability in system 
Response 
indicators 
Initial cost of 
technologies 𝑝(1) 
Learning 
rate 𝑝(2) 
Innovation rate 𝑝(3) 
Retention time of 
technologies 𝑝(4) 
Energy service 
demands 
1, 5 (min. and avr.) 
(Prob.=1) 
— 
0.075, 0.135 (avr. and max.) 
(Prob.=1) 
40, 60 (avr. and max.) 
(Prob.=0.96) 
Total energy 
demand + 
primary carbon 
1, 5 (min. and avr.) 
(Prob.=0.93) 
— 
0.075, 0.135 (avr. and max.) 
(Prob.=0.93) 
40, 60 (avr. and max.) 
(Prob.=1) 
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development paths of the particular agent-based 
model does not make a linear impact on the 
ability of this model instance to replicate 
historical record. This empirical observation is 
illustrated in Figure 4 for the heat demand 
response indicator. Simply speaking, it is not 
necessary that two adjacent parameter 
combinations in the calibration results (with 
small deviation in 𝑆(𝑝) ) correspond to the 
models with similar structure in development 
paths. 
   
Figure 4 Simulation trajectories for successive parameter combinations in calibration results.  
Case of the heat demand indicator 
5.2 Energy service demands 
The historical fit for energy service demands 
is characterized by the low costs of technologies, 
which have a moderate threshold to being created 
and adopted in the existing energy chains. But at 
the same time technologies stay available for a 
long period after they were developed. This 
scenario (in terms of parameter combinations) is 
preferable to replicate the historical record in 
independent measurements for heat and mobility 
demands and for joint measurement of energy 
demand structure, which reconciles effects in 
each of energy demand dimensions. 
Additionally, results of sensitivity analysis 
suggest that technological learning rate has a 
highly irregular and nonlinear impact on the 
system ability to replicate observations in energy 
demands. This result is also supported by the fact 
that the value of learning rate differs significantly 
in the “best estimate” solutions of independent 
measurements. It should also be noted from 
performed analysis that a low threshold for 
technologies creation (minimum value of 
innovation rate parameter) almost surely limits 
model performance in the dimensions of modern 
service and non-fuel demands. In fact, we 
observe from the model, that energy chains to 
these demands require creation of sophisticated 
technologies to fit the historical rate (which is 
plausible in terms of historical experience). 
5.3 Predictions on carbon emissions 
We observe the almost constant performance 
of the agent-based model in the primary carbon 
dimension. This result is illustrated by small 
deviations in the values of 𝑆(𝑝) shown in Figure 
2. Thereby, the rate of carbon emissions is 
modeled independently from the changes in the 
input parameters. This observation leads us to the 
conclusion that all model instances have similar 
historical fit measured relative to primary carbon. 
Note that at the same time absolute value of the 
expected distance changes significantly because 
of the presence of outlier trajectories in the 
generated simulations. Empirical results also 
suggest that the number of outliers is proportional 
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to the position of model instance in the 
calibration results. 
5.4 Joint measurement in dimensions of 
energy and carbon emissions 
The joint assessment of historical fit in 
several response indicators is a product of 
average model performance in each of the 
dimensions. Measurements in individual 
indicator contribute equally to the value of 
calibration metric. But we cannot conclude how 
model performs relative to one indicator based on 
joint assessment, which is nonlinear. That’s why 
it is important to explore model performance in 
each dimension simultaneously with joint 
measurement. In particular, joint assessment for 
general indicator group (total energy demand and 
primary carbon) is independent on one of the 
indicators. Almost constant behavior of 
calibration results in the primary carbon 
dimension does not influence joint model 
performance. So, we cannot draw a conclusion 
how model behaves in both energy demand and 
carbon emissions relative to historical 
observations. 
6. Conclusions 
Our results reveal irregular and nonlinear 
performance of the agent-based model of the 
global energy system measured relative to 
historical observations in energy demands. 
However, we observe some local properties of 
the model input parameters, which are defined 
via a restriction of parameter domains on the sets 
of dominant values. Calibration results indicate 
that the agent-based model fails to predict the 
past behavior of the energy system in the context 
of energy demand and carbon emissions. This 
limitation should be taken with caution because 
of exploratory character of our study. Extensive 
simulation runs with increased parameter 
domains should provide solid evidence whether 
model predictions on the past are limited or not.  
We should mention here that proposed 
mathematical framework allows validating an 
agent-based model on the bigger dataset and in 
principal, to study model sensitivity in the scope 
of parameter interdependencies. The 
computational and data complexification in the 
model may require advanced techniques from the 
fields of data analysis and information theory. 
Application of these advanced mathematical 
methods to agent-based model validation can be 
viewed as a possible direction of future research. 
7. Appendix A 
Most of the mathematical details of the global 
energy system model can be found in Ma and 
Grubler (2008). Here we report only changes 
made in the agent-based model with 133 
technologies, which has more end-use 
technologies. 
The share of the 𝑖 -th chain in the energy 
service demand equals 
?̃?𝑖
𝑡+1 =
{
 
 
 
 𝑠𝑖
𝑡
𝑝𝑡
𝑐𝑖
𝑡+1 , 𝑐𝑖
𝑡+1 ≥ 𝑝𝑡
𝑒𝑠𝑖
𝑡
(𝑒 − 1)𝑠𝑖
𝑡 + 1
,   𝑐𝑖
𝑡+1 < 𝑝𝑡  
 (A.1) 
where ?̃?𝑖
𝑡+1 is the non-normalized share at step 
𝑡 + 1, 𝑠𝑖
𝑡 is the normalized share at step 𝑡, 𝑝𝑡 is 
the price for satisfying the demand at step 𝑡 , 
𝑐𝑖
𝑡+1 is the cost of technology chain at step 𝑡 + 1 
and 𝑒 is defined as 
𝑒 = 2.7182
ln 81
5+51.64∗(𝑝𝑡 𝑐𝑖
𝑡+1⁄ )
−6.95
 . 
(A.2) 
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After that the chain shares ?̃?𝑖
𝑡+1 at step 𝑡 + 1 
are normalized. 
Parameters in equation (A.2) are chosen in 
such a way that when the chain's cost is close but 
less than the market price, it will take around 50 
years for the chain diffusion from 10% to 90%. 
The chain is considered as inactive when its 
share is less than 10−6. 
There is a limit on the annual use of each 
renewable resource, which cannot be exceeded: 
biomass - 2.56 × 1010 kwyr, wind - 9.5 × 109 
kwyr, hydro - 3.56 × 109  kwyr, geothermal - 
1010 kwyr. If this limit is reached, then the share 
of the chains, which have this resource as an 
input resource, is adjusted proportional to 𝐿 𝐸𝑡⁄ , 
where 𝐿  is the limit value and 𝐸𝑡  is the 
cumulative extraction of this resource at step 𝑡. 
After this adjustment some demand is freed 
and needs to be allocated between existing 
energy chains. The weights are calculated 
according to (A.3) and then normalized 
?̃?𝑖
𝑡 = max (0, 1 − 10
𝑐𝑖
𝑡−𝑐𝑚𝑖𝑛
𝑡  
𝑐𝑚𝑖𝑛
𝑡 ), (A.3) 
where ?̃?𝑖
𝑡  is the non-normalized weight for 
additional demand allocation, 𝑐𝑖
𝑡  is the chain 
cost at step 𝑡 and 𝑐𝑚𝑖𝑛
𝑡  is the minimal cost of 
technology chain at step 𝑡. 
It is possible that a technology is deployed as 
a component in several different energy chains 
for satisfying final energy service demands. We 
associate cumulative capacity with each 
component. Initial cumulative capacity of the 
component is set to 1000 kwyr. 
Investment cost for a regular technology 
includes a constant cost and the cost of learning, 
which equals the sum of costs of all components. 
The cost of a non-extraction singular technology 
has only the cost of learning. The levellized cost 
𝐶𝑙 of a non-extraction technology is calculated as 
follows 
𝐶𝑙 =
1
𝑝𝑓
(
𝑖𝑛𝑣
𝑝𝑙
+ 𝑓𝑜𝑚) + 𝑣𝑜𝑚, (A.4) 
where 𝑝𝑓 is a plant factor, 𝑖𝑛𝑣 is an investment 
cost, 𝑝𝑙 is a plant life, 𝑓𝑜𝑚 is a fixed operation 
and maintenance cost and 𝑣𝑜𝑚  is a variable 
operation and maintenance cost. 
The number of drawing and combinations of 
technologies and chains 𝑀𝑡 depends on the size 
of the economy Ω𝑡 and is calculated as  
𝑀𝑡 = min(5000, 50 + 500 lnΩ𝑡),
Ω𝑡 = max(1,
∑ 𝑝𝑖
𝑡𝑑𝑖
𝑡𝑚
𝑖=1
∑ 𝑝𝑖
0𝑑𝑖
0𝑚
𝑖=1
) ,
 (A.5) 
where 𝑝𝑖
𝑡  and 𝑑𝑖
𝑡  are the price and demand of 
the energy service 𝑖  at step 𝑡 , 𝑝𝑖
0  and 𝑑𝑖
0  are 
the initial price and demand of the energy service 
𝑖 , 𝑚  is the number of the energy service 
demands. 
Shchiptsova et al.: Assessing historical realibility of the agent-based model of the global energy system  
16  J Syst Sci Syst Eng 
8. Appendix B 
Table A.1 Energy forms in the reference energy 
system 
Id Description Level 
0 1 Coal Resource 
0 2 Crude oil Resource 
0 3 Gas Resource 
0 4 Biomass Resource 
0 5 Uranium Resource 
0 6 Wind Resource 
0 7 Hydro Resource 
0 8 Solar Resource 
0 9 deuterium Resource 
0 A Geothermal Resource 
1 2 Crude oil Primary 
2 1 Coal as second energy Secondary 
2 2 Methanol as second energy Secondary 
2 3 Oil Products Secondary 
2 4 Gas as second energy Secondary 
2 5 Ethanol as second energy Secondary 
2 6 Biomass as second energy Secondary 
2 7 Nuclear fuel Secondary 
2 8 Electricity Secondary 
2 9 Hydrogen Secondary 
2 A Heat Secondary 
3 1 Coal Secondary 
3 2 Methanol Secondary 
3 3 Oil Products Secondary 
3 4 Electricity Final 
3 5 Gas Final 
3 6 Ethanol Final 
3 7 Biomass Final 
3 8 Hydrogen as final energy Final 
4 2 Modern Services Useful 
4 3 Heat Useful 
4 4 Mobility Useful 
4 5 Non-Fuel Useful 
Table A.2 Definition of singular technologies in the reference energy system* 
Technology In Out INV FOM VOM PL PF EFF CO2 Time LBD 
Coal extr 0 1 2 1      1  2 0 
Oil extr 0 2 1 2      1  2 0 
Gas extr 0 3 2 4      1  2 0 
Bio extr 0 4 2 6      1  1 0 
Ura extr 0 5 2 7      1  3 0 
H2 Elec 2 8 2 9 1000 23 4 30 0.95 0.80 0 2 1 
Elec t/d 2 8 3 4 800 55 18 60 0.55 0.86 0 2 1 
Animal 3 7 4 4 100 1 0.2 10 0.2 0.01 0.942 1 0 
Elec Heating 
device 
3 4 4 3 100 1 0 20 0.5 0.95 0 2 1 
Heat pump 3 4 4 3 600 1 0 20 0.5 2.50 0 2 1 
Coal NF 3 1 4 5 10 1 0 30 0.6 1 0.814 2 1 
Oil NF 3 3 4 5 10 1 0 30 0.6 1 0.631 2 1 
Gas NF 3 5 4 5 10 1 0 30 0.6 1 0.482 2 1 
Meth NF 3 2 4 5 10 1 0 30 0.6 1 0.549 2 1 
Eth NF 3 6 4 5 10 1 0 30 0.6 1 0.549 2 1 
H2 NF 3 8 4 5 10 1 0 30 0.6 1 0 2 1 
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Ele device 3 4 4 2 1000 1 0 30 0.6 1 0 2 1 
Biomass t/d 2 6 3 7 10 0 20 30 1 0.93 0 1 0 
 
Table A.3 Definition of regular technologies in the reference energy system* 
Technology In Out Description INV FOM VOM PL PF EFF CO2 
Oil refi 1 2 2 3 Refine oil 66 7.5 0 30 0.9 0.9 0.054 
Gas bio 2 6 2 4 
Produce gas from 
biomass 
670 50 8 25 0.8 0.69 0.942 
Met bio 2 6 2 2 
Produce methanol from 
biomass 
1580 83 8 25 0.9 0.56 0.636 
Eth bio 2 6 2 5 
Produce ethanol from 
biomass 
1580 83 8 25 0.9 0.56 0.636 
Met coal 2 1 2 2 
Produce methanol from 
coal 
1350 76 0 25 0.9 0.65 0.457 
Gas coal 2 1 2 4 Produce gas from coal 850 57 0 25 0.8 0.76 0.448 
Met gas 2 4 2 2 
Produce methanol from 
gas 
700 51 5.4 25 0.90 0.7 0.098 
H2 Solid Coal 2 1 2 9 Produce h2 from coal 1250 72 0 25 0.9 0.74 0.814 
H2 Solid Bio 2 6 2 9 
Produce h2 from 
biomass 
985 63 8 25 0.9 0.67 0.942 
H2 Gas 2 4 2 9 Produce h2 from gas 480 41 0 30 0.9 0.77 0.482 
H2 Nuclear 2 7 2 9 
Produce h2 from 
nuclear high tempture 
rector 
2000 96 0 30 0.75 2.73 0 
H2 Solar 0 8 2 9 
Solar thermal power 
plant for H2 production 
4000 87 0 25 0.5 0.6 0 
Wind ppl 0 6 2 8 Wind power plant 1400 58 0 30 0.2 0.385 0 
PV ppl 0 8 2 8 Solar PV plant 5100 119 0 30 0.25 0.385 0 
Solar thermal 
power 
0 8 2 8 
Solar thermal power 
plant 
2900 87 0 25 0.5 0.385 0 
Hydro ppl 0 7 2 8 Hydro power plant 1000 12.5 0 60 0.5 0.385 0 
Geothermal 
0 
A 
2 8 Geothermal power plant 1200 70 40 30 0.7 0.385 0 
Fusion 0 9 2 8 Fusion power plant 7200 315 0 30 0.7 1 0 
Fission 2 7 2 8 
Nuclear fission power 
plant 
1900 93 0 30 0.7 1 0 
IGCC H2 Fuel 
cell coal 
2 1 2 8 
Coal fuel cell power 
plant 
1790 50 87.6 30 0.8 0.45 0.814 
IGCC H2 Fuel 
cell bio 
2 6 2 8 
Biomass fuel cell power 
plant 
2000 40 90 30 0.8 0.4 0.942 
FC gas 2 4 2 8 
Fuel cell powered by 
gas 
1500 52 0 25 0.65 0.6 0.482 
FC h2 2 9 2 8 Fuel cell powered by h2 1400 40 0 25 0.65 0.65 0 
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Technology In Out Description INV FOM VOM PL PF EFF CO2 
FC meth 2 2 2 8 
Fuel cell powered by 
methanol 
2000 40 0 25 0.65 0.55 0.549 
FC eth 2 5 2 8 
Fuel cell powered by 
ethanol 
2000 40 0 25 0.65 0.55 0.549 
Gas turbine ppl 
gas 
2 4 2 8 Gas turbine power plant 600 12 21.9 25 0.9 0.33 0.482 
Gas turbine ppl 
h2 
2 9 2 8 
Gas turbine power plant 
powered by h2 
600 12 20 25 0.9 0.33 0 
Single cycle ppl 
coal 
2 1 2 8 
Conventional coal 
power plant 
1300 74 0 30 0.65 0.38 0.814 
Single cycle ppl 
oil 
2 3 2 8 
Conventional oil power 
plant 
730 52 0 30 0.65 0.40 0.631 
Single cycle ppl 
gas 
2 4 2 8 
Conventional gas power 
plant 
710 51 0 30 0.65 0.40 0.482 
Single cycle ppl 
h2 
2 9 2 8 
Conventional h2 power 
plant 
710 40 0 30 0.65 0.4 0 
Single cycle ppl 
bio 
2 6 2 8 
Conventional biomass 
power plant 
1600 84 0 30 0.65 0.29 0.942 
Single cycle ppl 
met 
2 2 2 8 
Conventional methanol 
power plant 
730 52 0 30 0.65 0.40 0.549 
Single cycle ppl 
eth 
2 5 2 8 
Conventional ethanol 
power plant 
730 52 0 30 0.65 0.40 0.549 
Combined Cycle 
ppl oil 
2 3 2 8 
Combined cycle oil 
power plant 
800 55 0 30 0.65 0.5 0.631 
Combined Cycle 
ppl gas 
2 4 2 8 
Combined cycle gas 
power plant 
730 52 0 30 0.65 0.5 0.482 
Combined Cycle 
ppl h2 
2 9 2 8 
Combined cycle h2 
power plant 
730 52 0 30 0.65 0.5 0 
Combined Cycle 
ppl meth 
2 2 2 8 
Combined cycle 
methanol power plant 
800 55 0 30 0.65 0.5 0.549 
Combined Cycle 
ppl eth 
2 5 2 8 
Combined cycle ethanol 
power plant 
800 55 0 30 0.65 0.5 0.549 
IGCC ppl coal 2 1 2 8 IGCC coal power plant 1400 85 69.2 30 0.75 0.42 0.814 
IGCC ppl bio 2 6 2 8 
IGCC biomass power 
plant 
1800 90 0 25 0.65 0.46 0.942 
Engine ppl coal 2 1 2 8 Engine coal power plant 900 27 17.52 30 0.65 0.3 0.814 
Engine ppl oil 2 3 2 8 Engine oil power plant 600 46 0 30 0.65 0.4 0.631 
Engine ppl gas 2 4 2 8 Engine gas power plant 700 25 8.76 15 0.65 0.36 0.482 
Engine ppl h2 2 9 2 8 Engine h2 power plant 700 25 8.76 15 0.65 0.36 0 
Engine ppl bio 2 6 2 8 
Engine biomass power 
plant 
1200 60 0 30 0.65 0.3 0.942 
Engine ppl meth 2 2 2 8 
Engine methanol power 
plant 
600 46 0 30 0.65 0.4 0.631 
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Technology In Out Description INV FOM VOM PL PF EFF CO2 
Engine ppl eth 2 5 2 8 
Engine ethanol power 
plant 
600 46 0 30 0.65 0.4 0.631 
Coal t/d bus 2 1 3 1 Coal distribution by bus 1 30 8 10 0.5 0.93 0.057 
Coal t/d train 2 1 3 1 
Coal distribution by 
train 
2 20 6 10 0.5 0.93 0.057 
Met t/d pipes 2 2 3 2 
Methanol distribution 
by pepes 
11.89 0.28 4.79 40 0.7 0.94 0.033 
Met t/d bus 2 2 3 2 
Methanol distribution 
by bus 
1 30 8 10 0.5 0.93 0.033 
Met t/d train 2 2 3 2 
Methanol distribution 
by train 
2 20 6 10 0.5 0.93 0.033 
Oilp t/d pipes 2 3 3 3 
Oil distribution by 
pepes 
11.89 0.28 4.79 40 0.7 0.95 0.033 
Oilp t/d bus 2 3 3 3 Oil distribution by bus 1 30 8 10 0.5 0.95 0.033 
Oilp t/d train 2 3 3 3 Oil distribution by train 2 20 6 10 0.5 0.95 0.033 
Gas t/d 2 4 3 5 gas pipes/grid 200 24 3.5 40 0.7 0.9 0.048 
Eth t/d pipes 2 5 3 6 
Ethanol distribution by 
pipes 
11.89 0.28 4.79 40 0.7 0.95 0.033 
Eth t/d bus 2 5 3 6 
Ethanol distribution by 
bus 
1 30 8 10 0.5 0.95 0.033 
Eth t/d train 2 5 3 6 
Ethanol distribution by 
train 
2 20 6 10 0.5 0.95 0.033 
Bio t/d bus 2 6 3 7 
Biomass distribution by 
bus 
1 30 8 10 0.5 0.93 0.033 
Bio t/d train 2 6 3 7 
Biomass distribution by 
train 
2 20 6 10 0.5 0.93 0.033 
H2 t/d 2 9 3 8 H2 distribution 220 25 7 42 0.5 0.85 0 
Heat t/d 
2 
A 
4 3 Heat distribution 400 36 0 40 0.52 0.97 0 
Terrestrial steam 
coal 
bus_track_ship 
3 1 4 4 
Terrestrial steam coal 
bus 
750 0.2 0.057 10 0.5 0.04 0.814 
Terrestrial steam 
coal train 
3 1 4 4 
Terrestrial steam coal 
train 
600 0.1 0.057 10 0.5 0.06 0.814 
Terrestrial steam 
oil car 
3 3 4 4 Terrestrial steam oil car 750 0.3 0.057 10 0.5 0.035 0.631 
Terrestrial steam 
oil 
bus_track_ship 
3 3 4 4 Terrestrial steam oil bus 600 0.2 0.057 10 0.5 0.042 0.631 
Terrestrial steam 
bio train 
3 7 4 4 
Terrestrial steam bio 
train 
550 0.1 0.057 10 0.5 0.05 0.942 
Terrestrial IC oil 
car 
3 3 4 4 Terrestrial IC oil car 900 0.3 0.057 10 0.65 0.2 0.631 
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Technology In Out Description INV FOM VOM PL PF EFF CO2 
Terrestrial IC oil 
bus_track_ship 
3 3 4 4 Terrestrial IC oil bus 600 0.2 0.057 10 0.65 0.24 0.631 
Terrestrial IC oil 
train 
3 3 4 4 Terrestrial IC oil train 300 0.1 0.057 10 0.65 0.25 0.631 
Terrestrial IC gas 
car 
3 5 4 4 Terrestrial IC gas car 900 0.3 0.057 10 0.65 0.23 0.482 
Terrestrial IC gas 
bus_track_ship 
3 5 4 4 Terrestrial IC gas bus 600 0.2 0.057 10 0.65 0.3 0.482 
Terrestrial IC h2 
car 
3 8 4 4 Terrestrial IC h2 car 900 0.3 0.057 10 0.65 0.2 0 
Terrestrial IC h2 
bus_track_ship 
3 8 4 4 Terrestrial IC h2 bus 600 0.2 0.057 10 0.65 0.267 0 
Terrestrial IC h2 
train 
3 8 4 4 Terrestrial IC h2 train 300 0.1 0.057 10 0.65 0.3 0 
Terrestrial IC 
meth car 
3 2 4 4 Terrestrial IC meth car 900 0.3 0.057 10 0.65 0.25 0.549 
Terrestrial IC 
meth 
bus_track_ship 
3 2 4 4 Terrestrial IC meth bus 600 0.2 0.057 10 0.65 0.3 0.549 
Terrestrial IC eth 
car 
3 6 4 4 Terrestrial IC eth car 900 0.3 0.057 10 0.65 0.3 0.549 
Terrestrial IC eth 
bus_track_ship 
3 6 4 4 Terrestrial IC eth bus 600 0.2 0.057 10 0.65 0.35 0.549 
Terrestrial FC 
gas car 
3 5 4 4 Terrestrial FC gas car 5400 0.3 0.057 10 0.65 0.3 0.482 
Terrestrial FC 
gas 
bus_track_ship 
3 5 4 4 Terrestrial FC gas bus 3600 0.2 0.057 10 0.65 0.4 0.482 
Terrestrial FC gas 
train 
3 5 4 4 Terrestrial FC gas train 1800 0.1 0.057 10 0.65 0.5 0.482 
Terrestrial FC h2 
car 
3 8 4 4 Terrestrial FC h2 car 5400 0.3 0.057 10 0.65 0.4 0 
Terrestrial FC h2 
bus_track_ship 
3 8 4 4 Terrestrial FC h2 bus 3600 0.2 0.057 10 0.65 0.5 0 
Terrestrial FC h2 
train 
3 8 4 4 Terrestrial FC h2 train 1800 0.1 0.057 10 0.65 0.6 0 
Terrestrial FC 
meth car 
3 2 4 4 Terrestrial FC meth car 5400 0.3 0.057 10 0.65 0.25 0.549 
Terrestrial FC 
meth 
bus_track_ship 
3 2 4 4 Terrestrial FC meth bus 3600 0.2 0.057 10 0.65 0.3 0.549 
Terrestrial FC 
meth train 
3 2 4 4 
Terrestrial FC meth 
train 
1800 0.1 0.057 10 0.65 0.4 0.549 
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Technology In Out Description INV FOM VOM PL PF EFF CO2 
Terrestrial FC eth 
car 
3 6 4 4 Terrestrial FC eth car 5400 0.3 0.057 10 0.65 0.25 0.549 
Terrestrial FC eth 
bus_track_ship 
3 6 4 4 Terrestrial FC eth bus 3600 0.2 0.057 10 0.65 0.3 0.549 
Terrestrial FC eth 
train 
3 6 4 4 Terrestrial FC eth train 1800 0.1 0.057 10 0.65 0.4 0.549 
Terrestrial ele car 3 4 4 4 Terrestrial ele car 1800 0.3 0.057 10 0.65 0.4 0 
Terrestrial ele 
bus_track_ship 
3 4 4 4 Terrestrial ele bus 1200 0.2 0.057 10 0.65 0.5 0 
Terrestrial ele 
train 
3 4 4 4 Terrestrial ele train 600 0.1 0.057 10 0.65 0.52 0 
Airborne IC oil 3 3 4 4 Airborne IC oil 900 1 0.2 10 0.4 0.074 0.631 
Airborne IC gas 3 5 4 4 Airborne IC gas 900 1 0.2 10 0.4 0.1 0.482 
Airborne IC h2 3 8 4 4 Airborne IC h2 900 1 0.2 10 0.4 0.15 0 
Airborne IC meth 3 2 4 4 Airborne IC meth 900 1 0.2 10 0.4 0.12 0.549 
Airborne IC eth 3 6 4 4 Airborne IC eth 900 1 0.2 10 0.4 0.12 0.549 
Airborne turbine 
oil 
3 3 4 4 Airborne turbine oil 900 1 0.2 10 0.4 0.3 0.631 
Airborne turbine 
gas 
3 5 4 4 Airborne turbine gas 900 1 0.2 10 0.4 0.35 0.482 
Airborne turbine 
h2 
3 8 4 4 Airborne turbine h2 900 1 0.2 10 0.4 0.4 0 
Airborne turbine 
meth 
3 2 4 4 Airborne turbine meth 900 1 0.2 10 0.4 0.31 0.549 
Airborne turbine 
eth 
3 6 4 4 Airborne turbine eth 900 1 0.2 10 0.4 0.31 0.549 
Boiler coal 3 1 4 3 Coal heating plant 275 29 0 30 0.4 0.85 0.814 
Boiler oil 3 3 4 3 Oil heating plant 155 21 0 30 0.4 0.9 0.631 
Boiler gas 3 5 4 3 Gas heating plant 95 15 0 30 0.4 0.9 0.482 
Boiler biomass 3 7 4 3 Biomass heating plant 275 29 0 30 0.4 0.83 0.942 
Boiler h2 3 8 4 3 H2 heating rc 300 15 0 30 0.4 0.95 0 
Boiler methanol 3 2 4 3 Methanol heating rc 155 21 0 30 0.4 0.7 0.549 
Boiler ethanol 3 6 4 3 Ethanol heating rc 155 21 0 30 0.4 0.7 0.549 
Boiler solar 08 43 Solar heating 4000 100 0 20 0.3 0.7 0 
H2 device 3 8 4 2 Device powered by h2 2000 1 0 30 0.6 1 0 
* Notations 
 In: technology input energy form 
 Out: technology output energy form 
 INV: technology investment cost, 
$/kwyr 
 FOM: fixed operation and maintenance 
cost, $/kwyr 
 VOM: variable operation and 
maintenance cost, $/kwyr 
 PL: technology plant life 
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 PF: technology plant factor 
 EFF: technology efficiency 
 CO2: technology CO2 emission factor, 
tC/kwyr 
 Time: groups technologies by the time 
when they become available in the 
model 
 LBD: if equals 0, then there is no 
learning effect. In case of 1 denotes a 
20% mean learning rate in the base line. 
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